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Abstract. Geospatial clustering is an important topic in spatial anal-
ysis and knowledge discovery research. However, most existing cluster-
ing methods clusters geospatial data at data level without considering
domain knowledge and users’ goals during the clustering process. In
this paper, we propose an ontology-based geospatial cluster ensemble
approach to produce good clustering results with the consideration of
domain knowledge and users’ goals. The approach includes two compo-
nents: an ontology-based expert system and a cluster ensemble method.
The ontology-based expert system is to represent geospatial and cluster-
ing domain knowledge and to identify the appropriate clustering com-
ponents (e.g., geospatial datasets, attributes of the datasets, and clus-
tering methods) based on a specific application requirement. The cluster
ensemble is to combine a diverse set of clustering results produced by
recommended clustering components into an optimal clustering result.
A real case study has been conducted to demonstrate the efficiency and
practicality of the approach.

Keywords: Spatial analysis, Ontology, Cluster ensemble, Facility loca-
tion analysis.

1 Introduction

Geospatial clustering is an important topic in spatial analysis and knowledge dis-
covery research. It aims to partition similar objects into the same group (called
a cluster) based on their similarity or connectivity in geographical space while
placing dissimilar objects in different groups [1,2]. It can be used to find natural
clusters (e.g., extracting the type of land use from the satellite imagery), iden-
tify hot spots (e.g., epidemics, crime, traffic accidents), and partition an area
based on utility (e.g., market area assignment by minimizing the distance to
customers).

Domain knowledge and users’ goals play important roles during geospatial
clustering [3,4,5]. The background knowledge concerning the domain described
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by the geospatial data is called domain knowledge. In geospatial clustering anal-
ysis, a user seeks to discover knowledge from geospatial data based on a par-
ticular goal by applying clustering methods. However, most existing clustering
processes and clustering methods focus solely on the data itself without con-
sidering domain knowledge. Thus, clustering occurs at the data level instead of
the knowledge level, which prevents the user from precisely understanding the
clustering results and achieving his or her goals.

A few options for handling the problem seem apparent. One option is to
develop new geospatial clustering methods exactly tailored for users’ applica-
tions. The customized methods should consider which attributes of the geospatial
data are needed and what kinds of the domain knowledge have to be exploited.
Some customized clustering methods called constrained-based clustering meth-
ods, have been proposed [8,9,11]. Since they only consider limited knowledge
concerning the domain and the user’s goals, they are typically difficult to be
reused. In particular, they usually have very restricted means of incorporating
domain-related information from non-geospatial attributes.

The second option can be defined by considering the overall nature of the clus-
tering process and building a knowledge-based system to support the integration
of knowledge in the geospatial clustering process. The clustering process consists
of all steps required to accomplish a clustering task given by a user. It starts
from data preprocessing (including data cleaning, data integration, data selec-
tion, and data transformation), then applies clustering methods on the datasets,
and finally presents the clustering results to the user [12]. Applying a clustering
method is only one step of the overall process. Thus, the second option is to in-
corporate domain knowledge and users’ goals into the clustering process, which
allows an informed choice to be made from choosing the available datasets, suit-
able attributes of the datasets and clustering methods. However, this option can
only get the best clustering results by using the existing most suitable clustering
method and thus will be not helpful when none of the existing clustering method
can provide good clustering results for a specific application.

The third option is to apply cluster ensembles [13,29] to geospatial cluster-
ing analysis. By applying available clustering methods to different attributes of
datasets, cluster ensembles can obtain a large set of clustering results and finally
combine them into a single consolidated clustering result. The result contains all
information in the ensemble. However, it is time consuming to get a diverse set of
clustering results. Previous research also shows that it is not always the best to
include all available clustering results in the ensemble [14,28]. Thus, there is an
emerging interest on reducing the number of clustering results in the ensemble.

In this paper, we propose a novel approach to geospatial clustering analy-
sis, which combines an ontology-based expert system with a cluster ensemble
method. Specifically, we first build an ontology to represent geospatial and clus-
tering domain knowledge and then use an expert system to help identify ap-
propriate geospatial datasets, attributes of the datasets and clustering methods
for a specific application. Next, all the datasets, the attributes of the datasets
and the clustering methods recommended by the ontology-based expert system
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are used to produce a diverse set of clustering results. Finally, with the help of
the domain knowledge in the expert system, a subset of clustering results are
selected and combined into a single clustering result. The approach can perform
better than existing clustering methods because of the following reasons:

First, instead of developing a new clustering method for every specific appli-
cation, the approach considers knowledge reuse. The domain knowledge learned
from previous applications is formalized into the ontology-based expert system
and would be reused for the similar applications in the future.

Second, with the help of the domain knowledge, the approach can identify
appropriate components, including appropriate datasets, attributes of datasets,
and clustering methods, according to users’ goals.

Third, the approach combines the clustering results produced by the appro-
priate clustering components and results in one best clustering result using the
cluster ensemble method. It provides more comprehensive clustering results when
none of the clustering results produced by the appropriate clustering components
is good enough.

The rest of the paper is organized as follows. The ontology-based geospatial
clustering ensemble approach is proposed in the Section 2. A case study of the
approach to do facility location analysis in Alberta, Canada is presented in
Section 3. Section 4 summarizes the paper and discusses the future work.

2 An Ontology-Based Geospatial Cluster Ensemble
Approach

In this section, we present an ontology-based cluster ensemble approach for
geospatial clustering analysis. The approach includes two components: the
ontology-based geospatial clustering system and a clustering ensemble method.
In the following, we start with the general workflow of the approach and then
we will introduce each component in detail.

2.1 Work Flow of the Approach

As shown in Fig. 1, users’ clustering goals are first sent to the ontology-based
geospatial clustering system, GEO CLUST. The GEO CLUST identifies appro-
priate geospatial datasets, attributes of the datasets and clustering methods
according to the goals and the domain knowledge. Then, a diverse set of clus-
tering results are produced by applying different clustering methods to different
datasets and attributes of datasets multiple times.

For a better understanding of the approach, we treat each clustering result of
a geospatial clustering application as a solution to that application and plotted
them into a solution space. Fig. 2 shows the changes in a solution space when
applying the ontology-based geospatial cluster ensemble approach under different
statuses. At status 1, only the solutions within the circle are left for the following
analysis. Second, a set of clustering results are sent the cluster ensemble method.
In the first step of the method, a subset of the clustering results are selected
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with the criteria of high quality and diversity. The domain knowledge may be
extracted from the GEO CLUST to measure the quality. Thus at status 2, the
solution space is further reduced, as shown the smaller rectangle in Fig. 2. Finally,
the second step of the cluster ensemble method combines the selected clustering
results into one optimal combined clustering result (as shown the black point in
Fig. 2). According to the Equation (6), the combination may need the domain
knowledge which could be extracted from the GEO CLUST.
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Fig. 1. Work flow of the approach
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Fig. 2. Changes in solution space

2.2 An Ontology-Based Geospatial Clustering System

In this section, we present an ontology-based expert system, named
GEO CLUST, for performing geospatial clustering. The goal of the system is to
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make better use of geospatial and clustering knowledge to select proper methods
and datasets to achieve clustering results that better meet users’ requirements.
The system consists of the GeoCO ontology for geospatial clustering and the
Ontology Reasoner reasoning mechanism. The GeoCO ontology is used to repre-
sent geospatial and clustering domain knowledge. The Ontology Reasoner uses
classification and decomposition techniques to specify users’ tasks.

An ontology is a formal explicit specification of a shared conceptualization
[15]. It provides domain knowledge relevant to the conceptualization and axioms
for reasoning with it. For geospatial clustering, an appropriate ontology must
include a rich set of geospatial and clustering concepts. Therefore, it can provide
a knowledge source that supplements domain experts. Since the ontology in the
geospatial domain is complex and varies according to the application [18], we
build GeoCO at a high generic level such that it can be extended and materialized
for specific applications. The GeoCO geospatial clustering ontology has been
represented in using Protg-OWL [24] and the detail information about it can be
found in [4].

The structure of the GEO CLUST system for ontology-based clustering is
shown in Fig. 3. It includes five components: the Geospatial Clustering Ontol-
ogy, the Ontology Reasoner, the Clustering Methods, the Data, and the Graph-
ical User Interface (GUI). The geospatial clustering ontology component is used
when identifying the clustering problem and the relevant data. Within this com-
ponent, the task model specifies the data and methods that may potentially be
suitable for meeting the user’s goals, and GeoCO includes all classes, instances,
and axioms in a geospatial clustering domain. Through classification and de-
composition conducted in the Ontology Reasoner, proper clustering data and
methods can be indentified from the ontology.

The system works as follows: with the system, the user first gives his or
her goals for clustering through the GUI. To be able to find proper data and
clustering methods in ontology, the goal needs formalizing as a task instance.
A task instance describes the specific problem to be solved. An example of a
user’s goal is to identify the best locations for five hospitals in Alberta. A task
instance “determine best locations of five hospitals in Alberta“ is created. The
task instance is refined in the task model by using Ontology Reasoner and the
refined elementary sub-tasks are used to search the domain ontology. For the
example above, one of elementary tasks of “determine the best locations of five
hospitals in Alberta“ is “to find population data in Alberta,“ which can be
implemented through database queries. The results of these queries identify the
proper clustering methods and the appropriate data sets. Based on these results,
clustering is conducted. The clustering results can be used for statistical analysis
or be interpreted using the task ontology and the domain ontology.

In the system, the Ontology Reasoner is used to reason about knowledge rep-
resented in the ontology. In this component, classification are applied to detect
the most specialized task node in a tree structure that the task instance be-
longs to, where the tree is used to organize all tasks hierarchically. Specifically,
each task instance is classified according to its data and constraints, and thus the
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sub-task best fitting the characteristics of the task instance can be selected for the
following processes. Decomposition describes the process of decomposing a task
into simpler but more elementary subtasks, which presents a problem-solving
strategy for tackling the task with a list of sub-tasks and operators (sequence,
choice, iteration).

The input of the reasoner is the user’s goals, and the output is a set of ap-
propriate geospatial clustering methods and datasets. The reasoner performs the
following steps. First, it builds a task instance [25] to associate the reasoning with
the geospatial clustering ontology and the user’s requirements. For the above ex-
ample, the task instance ”determine best locations of five hospitals in Alberta”
is created based on a Partitioning-Clustering task in the task model, because the
final results of clustering are to form five population clusters assigned to individ-
ual hospitals. Second, each available geospatial clustering method described in
the ontology is considered either as an elementary task (which is accomplished
by a simple primitive function) or as a complex task (which is accomplished via
a task decomposition method represented in some problem solving strategy).
The task ”determine best locations of five hospitals in Alberta” is a complex
task because we cannot solve the task by simply calling an existing primitive
function. For the task, we first need to find the proper data, such as Alberta
population data, and then identify the proper partitioning clustering method
based on the characteristics of the data and the user’s specification of ”best
locations”. So the task needs to be decomposed. Finally each complex task is
recursively decomposed into elementary sub-tasks [26]. The detailed description
about the Ontological Reasoner component in GEO CLUST is in [4], including
task model, inference engine, and classification algorithm.

Fig. 3. The GEO CLUST system for ontology-based clustering
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2.3 A Cluster Ensemble Method

Given a set of clustering results, the cluster ensemble method used in the ap-
proach aims to select a subset of the clustering results and then combines them
into a new clustering result which is better than the best result in the given
result set. We extend cluster ensemble selection method in [14] by cooperating
with the domain knowledge. The method includes two steps.

Step one: select a subset of clustering results with high quality and diversity,
where quality measures the accuracy of clustering results in the subset and di-
versity measures the difference among the clustering results. According to the
research did by Fern and Lin [14], selecting only a subset of clustering results
based quality and diversity could improve the accuracy of the final ensemble
result as well as reducing the execution time. Particularly, in this paper, given a
set of clustering results C (i.e., C = {C1, C2, ..., Cr}) and a subset C′ ∈ C, the
way to measure the quality of C′ is separated into two conditions:

(1) Without the domain knowledge. The quality of (Ci ∈ C′) is defined as the
similarity between it and the other clustering results in C (as shown in Equation
(1)) and the quality of C′ is defined as the sum of the quality of all the clustering
results in it (as shown in Equation (2)).

Quality(Ci) =
r∑

k=1

NMI(Ci, Ck) (1)

Quality(C′) =
∑

Ci∈C′
Quality(Ci) (2)

Where NMI(Ci, Ck) is the normalized mutual information1 between cluster-
ing Ci and Ck. We adopt the Equation 3 in [13] to estimate the NMI value
between two clustering results. According to [13], if two clusterings are com-
pletely independent partitions, their NMI value is 0, vice versa. Thus, the larger
is the value, the higher is the quality.

(2) With the domain knowledge. The quality of Ci (Ci ∈ C′) is measured
by the external objective function according to the domain knowledge, and the
quality of C′ is defined as the sum of the quality of all the clustering results in
it (as shown in Equation (3)).

Quality(C′) =
∑

Ci∈C′
EF (Ci) (3)

Where EF (Ci) is the external objective function value of Ci. For instance,
when applying geospatial clustering analysis for the facility location planning
[7], all the demand nodes in the target region are clustered into different groups
and the demand nodes in each group are served by one facility. According to the
domain knowledge in facility location planning, the external objective function

1 Mutual information is a symmetric measure to quality the statistical information
shared between two distributions.
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value of a clustering result is the total travelling distance from the demand nodes
to their assigned facilities.

The diversity of C′ is defined as the sum of all pairwise similarities in the set
(as shown the Equation (4)). The lower the value, the higher is the diversity. We
measure the diversity as follows because it has been proved to efficiently affect
the cluster ensemble performance [14].

Diversity(C′) =
∑

i�=j,Ci,Cj∈C′
NMI(Ci, Cj) (4)

Since high quality and diversity are two objectives to be achieved during the
clustering result selection, we treat it as a bi-objective optimization problem [6]
and solve it by using a bi-objective function. Specifically, given a set of clustering
results, a subset of clustering results C′ is selected from the whole set that
minimizes the value of BOF (C′) in the following.

BOF (C′) = αQuality(C′) + (1− α)Diversity(C′) (5)

In the Equation (5), α is defined as a co-efficient for balancing the quality
objective and diversity objective, which is within [0,1]. The parameter α is a
constant value to control the weight of each objective.

Selecting a subset of solutions to minimize the value of BOF (C′) is a NP-hard
problem. In the research, we adopt a greedy procedure to perform the selection.
It begins with a C′ that only contains the single solution of the lowest linear
normalized cost value and then incrementally adds one solution at a time into
C′ to minimize the value of BOF (C′). The procedure stops when the size of C′

reaches the predefined number.

Step two: combine the selected clustering results into one optimal combined
clustering result. The optimal clustering result Copt should reach the objective
function (Equation (6)), which asks for the optimal result has maximal mutual
information with other selected clustering results and achieves higher external
objective function value if domain knowledge is applied. We adopt the greedy
optimization approach in [13] to solve the Equation (6) by defining our objective
function Γ (Copt).

Γ (Copt) = arg max
Copt

∑

Ci∈C′

(
βEF (Copt) + (1− β)NMI(Copt, Ci)

)
(6)

Where Copt is a single labeling of clustering results which maximizes Γ (Copt).

3 Case Study

In this section, we apply the approach to a real case study, finding the best
locations for breast cancer screening clinics in Alberta (AB), Canada.

A population-based program to increase the number of Alberta women
screened regularly for breast cancer was implemented in 1990 and today the Al-
berta Breast Cancer Screening Program (ABCSP) recommends Alberta women
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between the ages of 50 and 69 have a screening mammogram at least once every
two years [10]. A key challenge is to determine the best locations for screening
clinics to minimize the average demand-weighted distance from demand nodes
to their assigned clinics. In this case, we perform the approach to separate the
whole province into 262 screening clusters and for each cluster find a suitable
location for building a clinic to serve the people within it.

In the approach, the first step is to find appropriate datasets, attributes of
datasets, and clustering methods by sending the clustering goal to the ontology-
based geospatial clustering system. The user interface and parameter setting of
the ontology-based system can be found in [4]. Here we only list the results as
below:

– Dataset: Census dataset in AB
– Attributes of datasets: women from 50 to 69 in DA level
– Similarity Measurement: Euclidean distance
– Clustering method: Capability K-MEANS

The dataset is the 2006 Canadian census data in AB. Estimates of the screen-
ing population (Alberta women aged 50 to 69 years) were derived from census
data at the Dissemination Area (DA) level [16]. There are 327830 women within
the target age in Alberta. A total of 5180 DAs were used in the research. Their
values range from 0 to 920. The system adopts Euclidean distance to measure
the similarity among the locations. The recommended clustering method is Ca-
pability K-MEANS [17]. In order to meet the overall demands in the province,
the capacity of each clinic is set to 15,000. We generate 30 clustering results by
applying Capability K-MEANS with different initializations.

The second step is to select a subset of clustering results based on quality and
diversity. The Equation (3) in 3.1 is chosen to measure the quality. The external
objective function value is the total travelling distance from the DAs to their
assigned clinics. The diversity is measured by the Equation (4) in 3.1. α in the
Equation (5) is set to 0.5. The number of the selected solutions is set to 5.

In the third step, the selected 5 results are combined into one optimal re-
sult. Since the case has a clear clustering goal, minimizing the average demand-
weighted distance from demand nodes to their assigned clinics, the way to choose
the optimal result is only based on the goal and thus the value of β in the Equa-
tion (6) is set to 1. Fig. 4 shows the clinic locations in the optimal result. We
compare the optimal result with the one produced by the Interchange algorithm
[27], the most popular algorithm used in facility location planning. The average
demand-weighted distance are 24.12 km for the optimal result and 26.64 for the
one produced by the Interchange algorithm. In this case, the approach achieves
better results than by simply picking a standard facility location solution ap-
proach.

Finally, the knowledge obtained from this case study can be incorporated into
some other applications in the future. For example, the same results can be used
for planning the locations of pharmacies in the communities.

2 The number of current cancer care facilities in Alberta is 26.



128 W. Gu et al.

Fig. 4. The The optimal clinics distribution in AB

4 Conclusion and Future Work

In this paper, we present an ontology-based cluster ensemble approach to pro-
duce good clustering results for geospatial applications. The approach includes
two components: an ontology-based expert system for formalizing the domain
knowledge in the geospatial clustering, and a cluster ensemble method for comb-
ing good clustering results into an optimal result. To our best knowledge, it is
the first research work to combine geospatial ontology and cluster ensembles for
geospatial clustering analysis. The real case study did in Alberta, Canada shows
that it is practical to combine the ontology and the cluster ensembles together
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for geospatial analysis. In the future, we will investigate how to further improve
clustering results by integrating clustering ensemble with domain knowledge in
theory and apply the presented approach on more application scenarios.
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